The Noah land surface model with multiple parameterization options (Noah-MP) includes a 8 routine for dynamic simulation of vegetation carbon assimilation and soil carbon decomposition 9 processes. To use remote sensing observations of vegetation to constrain simulations from this model, it 10 is necessary first to understand the sensitivity of the model to its parameters. This is required for efficient 11 parameter estimation, which is both a valuable way to use observations and also a first or concurrent step 12 in many state-updating data assimilation procedures. We use variance decomposition to assess the 13 sensitivity of estimates of sensible heat, latent heat, soil moisture, and net ecosystem exchange made by 14 certain standard Noah-MP configurations that include dynamic simulation of vegetation and carbon to 15 forty-three primary user-specified parameters. This is done using thirty-two years' worth of data from ten 16 international FluxNet sites. Findings indicate that there are five soil parameters and six (or more) 17 vegetation parameters (depending on the model configuration) that act as primary controls on these states 18 and fluxes.
Introduction 21
Globally, transpiration accounts for more than four-fifths of the total evaporative flux (Jasechko 22 If LDASs were instead to use land surface models (LSMs) that directly simulate plant carbon 28 uptake and partitioning, then vegetation-related observations could be assimilated directly, and these 29 LDAS frameworks would be able, at least in theory, to derive information from almost any vegetation could, in principle, be used to constrain or otherwise inform these large-scale LDAS or other hydrologic 39 forecast systems. The two most important methods in terrestrial hydrology for constraining model 40 simulations with observations are parameter estimation (e.g., Rosolem et al., 2013) and state-updating 41 data assimilation (e.g., Reichle, 2008) . Related to the latter, by far the most common algorithms (e.g., 42
Evensen and van Leeuwen, 2000) are bias-blind (Dee, 2005) . As such, they require that the observations 43 and the model predictions have identical climatology -that is, bias-blind algorithms are not effective at 44 estimating systematic differences in the mean state of the model as compared to that of observations. It 45 cannot be expected that any parameterized model and any set of indirect remote sensing observations, 46 which are themselves typically dependent on a parameterized retrieval model, will have mutually 47 consistent climatologies (e.g., Reichle and Koster, 2004) . It is necessary, therefore, to somehow map the 48 observations to the model climatology or vice versa. The two primary methods for doing this are (1) via 49 parameter estimation or (2) via non-parametric regression -i.e., matching of cumulative density functions 50 (e.g., Kumar et al., 2012) . The density matching approach is inefficient in the sense that it discards 51 potentially valuable information (e.g., Kumar et al., 2015) , and therefore parameter estimation is (or 52 should be) an important part of robust methods for combining information from models and remote 53 sensing data. 54
Parameter estimation is extremely computationally expensive, with costs that rise -typically -55
closer to exponentially than linearly in the number of parameters, and an important first step is to reduce 56 the number of parameters to be estimated via sensitivity analysis. Many sensitivity analyses have been 57 performed on the various models that underlie most of the major land data assimilation systems (e.g., variables such as latent heat flux and runoff components, at catchment scales. However, none of these 63 studies have looked at the sensitivity of parameters specifically related to the dynamic vegetation. 64
Our purpose here is very specific: to assess the sensitivity of the model to its parameters in a way 65 that is general enough to provide guidance on parameter estimation either as a stand-alone method or pre-66 saturated and wilting matric potential (see Oleson et al., 2010 , for CLM, and Xue et al., 1991, for SSiB). 136
Because our purpose here is to test parameter sensitivity related to dynamic vegetation, we explore several 137 model configurations related to two of the three sets of options. Therefore, we compared parameter 138 sensitivity under the three Noah-MP configurations that include dynamic vegetation, and which vary with 139 the soil moisture factor for stomatal resistance (Noah-type, CLM-type, and SSiB-type) against the default 140 Noah-MP configuration, which does not include dynamic vegetation and uses prescribed leaf area index 141 (LAI) and the default (Noah-type) soil moisture factor for stomatal resistance. Thus, in total we compare 142 four Noah-MP configurations. It is important to point out that the options used in the prescribed LAI 143 configuration differ from the parameters used in the dynamic vegetation configurations and also that this 144 default configuration does not simulate net ecosystem exchange. All configurations of Noah-MP were run 145 using four soil layers with thicknesses of 10 cm, 30 cm, 60 cm, and 100 cm (for a total 2 meter profile). 146
Parameters 147
A total of 42 user-specified parameters must be set for the Noah-MP configurations that simulate 148 dynamic vegetation; these are listed in Table 3 . Thirty of these parameters are related to vegetation and 149 twelve are related to soil. Similarly, we considered a total of 31 parameters for the Noah-MP configuration 150 that used prescribed LAI. Nineteen of these are related to vegetation and the same twelve (as in the 151 dynamic vegetation configurations) are related to soil; these are listed in Table 4 . Aside from the soil 152 parameters, twelve of the vegetation parameters are shared between the two configurations -these are 153 related to the two-stream radiation transfer component. The deep soil temperature parameters (ZBOT and 154 TBOT) are used for the SIMGM runoff and groundwater option that we used in all configurations. 155
The typical way to assign values to all of these parameters is via look-up tables indexed by USGS 156 vegetation and STATSGO-FAO soil categorization schemes, which is how we derived the default 157 parameters for model spin-up. With a few exceptions, the ranges over which we conducted the sensitivity 158 analysis were bounded by the minimum and maximum values from the Noah-MP look-up tables; Tables 159 3 and 4 list these ranges. The exceptions are as follows. LAI and SAI (stem area index) are prescribed to 160 the model as monthly values, so in reality there are 24 LAI and SAI parameters. We assessed the general 161 influence of LAI and SAI by measuring sensitivity to a multiplier that scaled the entire LAI (SAI) time 162 series. Additionally, the four soil moisture parameters that are expressed as volumetric water contents 163 (porosity, wilting point, field capacity, and dry soil) were constrained to preserve an appropriate ordering 164 relationship (i.e., field capacity must be lower than porosity, wilting point lower than field capacity, and 165 dry soil lower than wilting point). Porosity was allowed to vary between hard limits (listed in the parameter 166 tables), and instead of assigning ranges to the other three volumetric water content parameters directly, 167
we assessed sensitivity to hyperparameters that represented the percentage of the difference between the 168 lower bound listed in Tables 3 and 4 
Sensitivity Analysis 173
A variance-based global sensitivity analysis was applied to the four chosen Noah-MP 174 configurations to derive total sensitivity indices for each of the parameters listed in Tables 3 and 4 
Monte Carlo approximation of the integrals over samples yields: 180
The final integral requires two sets of samples, so that , (1) is drawn from one (1) ∈ ℝ , and , (2) is 181
(1) and (2) were drawn by Latin hypercube sampling with = 1500 182 (an investigation of the effect of sample size is presented as supplementary material). In this case, the 183 function is the mean-squared error between the model predictions and FluxNet observations. 184
Total effect indices were calculated separately for each observation type (e.g., latent heat flux, soil 185 moisture) and for each data year. This allowed us to have some idea of the inter-annual variability in 186 sensitivity depending on different climatic conditions, and also of the variability in sensitivity relative to 187 different biomes present at different sites. It is important to point out that the soil moisture measurements 188 at each site were at different depths (see Table 1 ), and so each measurement was compared with the soil 189 moisture content of the confining model layer (see section 2.2). In the case where soil moisture 190 observations were at a layer boundary (e.g., the 10 cm measurements at Blodgett, Mopane, and Sylvania), 191
we used the average of the modeled moisture content in the two layers. This worked at every site except 192 Hyytiala, where both soil moisture measurements were in the 2-3 cm to 5 cm of the soil column, which 193 did affect results, as described in section 3.1. 
Dynamic Vegetation Results 208
The results from the CLM-type and SSiB-type soil moisture resistance factor configurations were 209 essentially qualitatively identical in all output variables. Further, certain parameters displayed clear 210 sensitivity over most observed variables (Figures 1-5 ) and in all three dynamic vegetation configurations 211 (CLM-type, SSiB-type, and Noah-type). These included four vegetation parameters: QE25 (baseline light-212 use efficiency), VCMX25 (baseline maximum rate of carboxylation), LTOVRC (leaf turnover rate) and 213 SLA (single-side leaf area per kg), as well as two soil parameters: SMCWLT (wilting point) and BEXP 214 (pore size distribution index). The two soil parameters control direct soil evaporation, soil conductivityand diffusivity, and stomatal resistance in the CLM-type and SSiB-type configurations, and therefore act 216 as direct controls on both soil moisture content and surface energy partitioning through the evaporative 217 flux. QE25 and VCMX25 directly control light-limited and export-limited photosynthesis respectively 218 (the export limit is mediated by local air pressure), and LTOVRC controls carbon exchange from plant to 219 soil due to leaf and stem senescence. SLA is dependent on vegetation type and used in determining the 220 leaf and stem area index. We would classify these six parameters as the most important user-specified 221 parameters in the model (see also Mendoza et al., 2015) . Also, the observed soil moisture variables 222 and to a lesser extent the SMCREF parameter, when transpiration is controlled more by soil moisture 227 limitations. In comparison to our study, they used the prescribed monthly LAI with constant shade fraction 228 (option 4), the Ball-Berry (option 1) for stomatal resistance, and the Noah configuration for soil moisture 229 factor for stomatal resistance. 230
The surface fluxes and ℎ at two sites -grassland (Fort Peck) and deciduous forest (Sylvania) 231 --exhibited some sensitivity to Z0MVT (momentum roughness length) and to HVT (canopy height) in 232 the different model configurations (Figures 1 and 2 ). Roughness length controls surface advection 233 potential, and the 3-D vegetation model in the radiation transfer scheme uses canopy height to compute 234 total available energy at the soil and vegetation surfaces. Varying these controls has the greatest effect in 235 the shortest (grassland) and tallest (deciduous forest) canopies. High sensitivity to HVT was also reported 236 in Cuntz et al. (2016) for evapotranspiration. It is additionally interesting to note the high sensitivity of 237 NEE ( Figure 5 ) at Fort Peck and Amplero grassland sites, and to some extent the Krueger savanna site, to 238 the canopy height and roughness length parameters for net ecosystem exchange. Growing unrealistically 239 tall grass causes a large divergence in the modeled carbon flux, and these parameters would be a large 240 source of error in mis-specified grasslands. 241
In the Noah-type configuration, SMCREF (field capacity) exerts a control on calculating plant 242 water stress, and in the CLM-type and SSiB-type configurations, BEXP dominates the water stress 243 calculation by acting as an exponential factor in the stomatal resistance calculation. Plant water stress 244 determines both the amount of water available for transpiration (i.e., acts as a control on surface energy 245 partitioning and root zone water uptake) and also total carbon assimilation. The result is that field capacity 246 is an important parameter for determining all five states and fluxes in the Noah-type configuration, which 247 was also shown in Cuntz et al. (2016) configuration -it is used as a linear function (rather than exponential, like BEXP) in the CLM-and SSiB-260 type calculations of stomatal resistance. These semi-arid sites are also much more sensitive to the pore 261 size distribution index in the CLM-type and SSiB-type configurations than the other sites. 262
In addition to the two universally sensitive soil parameters (wilting point and unsaturated 263 conductivity exponent), soil moisture (Figures 3 and 4) was also sensitive to SMCMAX (porosity) and 264 DKSAT (saturated hydraulic conductivity) in all model configurations, and SMCREF in the top soil 265 moisture layer (Figure 3) . In most land surface models, porosity is a dominant control on soil moisture 266 (and here also on plant water availability and stress), since porosity influences both diffusion and 267 advection in the soil, as well as total water holding capacity. Saturated conductivity is the primary 268 influence on moisture transport between soil layers. 269
Carbon flux (net ecosystem exchange; Figure 5 ) is a sum of plant carbon assimilation, plant 270 respiration and soil respiration, and so it is sensitive to essentially the same set of factors as the surface 271 energy balance terms and soil moisture states. The only additional parameter that showed sensitivity here 272 (in all configurations) was RMF25 (leaf maintenance respiration). This parameter represents a baseline 273 respiration rate that is modified by factors related to plant water stress, energy availability, and air 274 temperature. Water stress and energy availability are the two main controls discussed that mediate the 275 relationship between model parameters and the model-predicted surface energy balance and moisture 276 states, and the baseline maintenance respiration is the parameter that translates these factors into estimates 277 of actual plant respiration. 278
Prescribed LAI Results 279
The prescribed LAI simulations required a different parameter set than the dynamic vegetation 280 simulations, although some of the parameters (soil parameters and those related to radiation transfer) are 281 shared with the dynamic vegetation configurations as described above. In this case, however, there was 282 parameter in the near infrared wavelengths (RHOL-nir). For this configuration, Cuntz et al. (2016) found 284 sensible heat flux to be more sensitive to radiation parameters (RHOS and RHOL) and leaf optical 285
properties (e.g., TAUL). Again, there was clear sensitivity in the surface energy fluxes to Z0MVT 286 (momentum roughness length), and to a lesser degree for the soil moisture observations, mainly at the Fort 287
Peck grassland site for the second level soil moisture. The Sylvania mixed deciduous forest site showed 288 sensitivities for Z0MVT and HVT (canopy height), for the energy fluxes only. 289
Further, the surface energy fluxes showed sensitivity to most of the vegetation parameters that are 290 specific to this prescribed LAI configuration, except height of bottom of canopy (HVB), tree crown radius 291 (RC), and maximum stomatal resistance (RSMAX). RSMAX controls the portion of canopy resistance 292 due to incoming radiation, whereas TOPT (optimum transpiration) and HS (vapor pressure deficit) control 293 the portion of canopy resistance due to air temperature and vapor pressure deficit, respectively. Both of 294 the latter were more influential on the energy partitioning. Both the LAI and SAI multipliers also 295 contributed substantially to the surface energy balance due to their role in determining total available 296 energy at the surface (also noted similarly for LAI in Cuntz et al., 2016). 297
In general, there was feedback from the soil state to the energy balance at the surface in this 298 configuration, but much less feedback from the vegetation to the soil moisture state than in the dynamic 299 vegetation configuration. Almost none of the vegetation parameters were important in determining soil 300 moisture states. Generally, the same soil parameters were important in this configuration as in the dynamic 301 vegetation configuration. Wilting point was important for energy partitioning due to its control on water 302 that is available for transpiration. Porosity, field capacity, saturated hydraulic conductivity, and the 303 infiltration exponent dominated the soil moisture sensitivity, which is a standard result in land surface 304 models (e.g., Cuntz et al., 2016). 305
Space vs. Time Dependence 306
To get some idea of how the calculated values are sensitive to intra-site vs. inter-annual 307 differences, we calculated the fraction of variance over the 32 site-years for each parameter of each model 308 configuration. Figures 1 to 5 report the fractions of variance due to intra-site differences for every 309 parameter with at least one site-year of > 0.1. In most cases, greater than 80% of the total variance 310 among the 32 site-years is due to different sensitivities at different sites; however, there are a few notable 311
exceptions. 312
In the and 2 results, the BEXP and SMCWLT parameters (and SMCREF in the static 313 vegetation configuration) show >20% dependency on inter-annual differences between forcing data. 314
These parameters are the primary controls on plant water uptake, and these differences are dominated by 315 dry years at the two semi-arid sites. We did not see the same dependency on forcing data in the surface 316 soil moisture at these two sites because plant water uptake processes do not act as the dominant control 317 on evaporative flux in the surface layer -this is controlled by both root-water uptake and direct 318 evaporation. Inter-annual forcing differences had a larger effect on certain parameter sensitivities related 319 to NEE than to the other modeled variables. In particular, the Amplero grassland site was highly sensitive 320 to the HVB and RC canopy parameters and to the TAUL and TAUS leaf and stem transmittance 321 parameters on two of the three years (2003 and 2006, but not 2004). All of these parameters directly 322 control photosynthesis. We also see selective sensitivity (dependent on forcing) to plant (FRAGR, 323
RMF25) and microbe (MPR) respiration parameters, especially at the water-limited sites. 324
The main take-away from these results is that the functional response of the carbon cycle 325 MP can be thought of as a dynamical system with a macrostate (i.e., strength of relationships between 334 different simulated variables within the model) determined by the particular parameter values, and we see 335 that the meteorological data has some impact on the sensitivity of model output to the effective macrostate. 336
In particular, this sensitivity is more pronounced in the dynamic vegetation and carbon cycle components 337 of the model than it is in the traditional hydrology (water and energy) components. We see clearly here 338 that different aspects of the model structure become important for carbon flux simulation depending on 339 differences in forcing data at individual sites. This indicates that it could be significantly more complicated 340 to calibrate a land surface model with dynamic vegetation than one without. 341
Conclusions 342
To summarize, in the Noah-MP dynamic vegetation configurations, all outputs (surface heat 343 fluxes, soil moisture, and net carbon flux) exhibited sensitivity to the (i) wilting point, (ii) unsaturated soil 344 conductivity exponent, (iii) baseline light-use efficiency, (iv) baseline carboxylation, (v) leaf turnover, 345 and (vi) single-sided leaf area. The surface fluxes are also especially sensitive to (vii) the momentum 346 roughness length, water stress, which is determined either by (viii) field capacity or the conductivity 347 exponent depending on the model configuration, and also in some cases to (ix) canopy height. Soil 348 moisture was sensitive as well to (x) porosity and (xi) saturated soil hydraulic conductivity. Finally, the 349 carbon flux was additionally sensitive to (xii) leaf maintenance respiration. These twelve primary 350 parameters are highlighted in table 3. By identifying key parameters which Noah-MP soil moisture and energy fluxes are most sensitive to, we 361 can better target and modify these for future data assimilation studies, which could include satellite-based 362 vegetation indices (e.g., NDVI, LAI) and higher resolution soils databases. Since Noah-MP is planned to 363 be the main model used by the U.S. National Water Center and currently used by the WRF community, 364 knowing which parameters can affect land-atmospheric interaction, like the energy fluxes, and 365 hydrological forecasts, like soil moisture, can save users much time. As shown in this study, there are 366 dozens of parameters just for these couple of vegetation and soil schemes and thousands of combinations 367 between the options. 368
It is important to note that we only considered here parameters that the Noah-MP model developers 369 have specified as to be defined by the user. There are several potentially important parameters that are 370 hard-coded into the model, and this hard-coding has the potential to reduce the flexibility of the model in 371 reproducing surface states and fluxes (Mendoza et al., 2015 , Cuntz et al., 2016 . It is also important to 372 understand that an empirical sensitivity analysis, like what we have presented here, has the potential to 373 miss certain thresholds that may not be activated with the data used for testing. We did see evidence of 374 this type of threshold behavior in the fact that certain site-years were water-limited in a way that affected 375 plant stress, senescence, and ultimately parameter sensitivity. However, in general, the results were 376 relatively consistent across sites and between the various model configurations. This study should be 377 robust enough to provide general guidance on how to approach parameter estimation for simulation of 378 dynamic vegetation using the Noah-MP LSM. 379
That being said, there are a combinatorial number of possible Noah-MP configurations (see Table  380 2), and each configuration at least has the potential for different parameter sensitivities. As such, the data 381 and code used in this study is available publically on GitHub (https://github.com/greyNearing/NoahMP-382 Sensitivity.git), so that anyone interested in running a Sobol' analysis using this set of FluxNet data can 383 do so with their own Noah-MP configuration(s). Re-running this analysis for a different configuration is 384 relatively simple using this code base (written mostly in MatLab). The problem of sampling the parameter 385 space for calculating Sobol' indices is mostly a parallel problem, and our code is set up to run across 386 multiple, distributed memory nodes using a SLURM scheduler. It can also be run on a single processor or 387 single shared-memory node. 388 here, which looked at global model sensitivity with respect to a variety of site-specific ground truth data, 396 a more specific modeling problem (i.e., to a specific site or watershed) might come with a more 397 constrained parameter uncertainty distribution. In this case, we might want to use a more localized or 398 subspace sensitivity analysis (e.g., Rakovec et al., 2014) . bars show the fraction of variance in the total sensitivity indices explained by site-by-site differences (EV = fraction of explained 632 variance), whereas the remaining fraction of variance is due to inter-annual differences at individual sites. 633 
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